Range expansion by native and exotic species will continue to be a major component of global 25 change. Anticipating the potential effects of changes in species distributions requires models 26 capable of forecasting population spread across realistic, heterogeneous landscapes and subject 27 to spatiotemporal variability in habitat suitability. Several decades of theory and model 28 development, as well as increased computing power and availability of fine-resolution GIS data, 29 now make such models possible. Still unanswered, however, is the question of how well this new 30 generation of dynamic models will anticipate range expansion. Here we develop a spatially 31 explicit stochastic model that combines dynamic dispersal and population processes with fine-32 resolution maps characterizing spatiotemporal heterogeneity in climate and habitat to model 33 range expansion of the hemlock woolly adelgid (HWA, Adelges tsugae). We parameterize this 34 model using multi-year datasets describing population and dispersal dynamics of HWA and apply 35 it to eastern North America over a 57-year period . To evaluate the model, the 36 observed pattern of spread of HWA during this same period was compared to model predictions. 37
INTRODUCTION 50
Across the globe, species are actively expanding their geographic ranges, some in 51 response to recent climatic change (Walther et al. 2002; Parmesan and Yohe 2003) and others as 52 the result of introductions into new regions (Mack 1996) . In order to anticipate the potential 53 effects of ongoing and future changes in the distributions of native and invasive species, there is 54 increasing need to understand which factors influence the dynamics of range expansion and to 55 develop models to forecast population spread. However, species most likely to exhibit dramatic 56 range expansion and to therefore be of greatest interest in management contexts often possess 57 characteristics that make changes in their distributions difficult to predict, notably spread driven 58 by rare, long-distance dispersal events and rapid population growth (Hastings et al. 2005) . The 59 interaction between landscape heterogeneity and spread dynamics adds a layer of complexity that 60 is rarely incorporated into models, but may be critical to developing adequate forecasts of range 61 expansion at regional scales (Turner et al. 1993 
General framework 157
We develop a spatially explicit, discrete space-time stochastic model that links within-158 patch population dynamics and between-patch propagule dispersal with fine-resolution maps 159 characterizing spatiotemporal variability in climate and hemlock abundance to simulate range 160 expansion of HWA across the heterogeneous landscape of eastern North America. The model 161 incorporates the influence of four heterogeneous factors on HWA spread: (i) hemlock abundance, 162
(ii) winter temperature, (iii) population growth, and (iv) dispersal. Hemlock abundance and 163 winter temperature are characterized as raster maps comprised of 1 km  1 km cells (details 164 9 regarding the creation of these maps, which are available online from the Harvard Forest LTER 165 data archive, can be found in Appendix A); it is across these maps that the model simulates HWA 166 population growth and dispersal on an annual time step. Hemlock abundance in each cell (Fig. 1)  167 determines the probability that dispersing adelgids establish in a location and also sets the upper 168 limit to HWA population growth once a cell becomes infested. Hemlock abundance declines 169 annually in infested cells and, for tractability, is assumed to remain constant elsewhere. Winter 170 temperatures (Fig. A1) , which change annually following observed temperature fluctuations, 171 influence population growth by limiting the proportion of overwintering sistens that survive to 172 produce progrediens in the next year. Mortality rates of progrediens (which includes production 173 of sexuparae, a demographic dead end) and sistens are drawn from appropriate probability 174 distributions. Dispersal between cells is simulated using a function parameterized from multiple 175 datasets documenting the spread of HWA across different regions of the eastern U.S. 176
A single simulation of the model proceeds as follows. To initiate a simulation, a random 177 number of HWA are introduced to a cell containing hemlock near Richmond, Virginia, the 178 location of the first documented infestation of HWA in eastern North America (Stoetzel 2002) . This quantity varied by tree size and site conditions, but we estimated it to be between one and 219 ten percent. Together, these quantities allowed us to estimate the carrying capacity of progrediens 220 using historic data on HWA spread to fit a function that models long-distance dispersal events. 277
To fit a function representing the frequency distribution of between-stand dispersal 278 distances, hereafter termed the distance-based probability density function or 'distance-pdf', we 279 14 used multiple datasets describing the historic spread of HWA ( Table 2 ). Note that a distance-pdf 280 differs from a dispersal kernel, which describes the density of propagules as a function of the 281 distance from a source (Cousens et al. 2008 ). The datasets describing spread varied in their 282 geographic focus and their spatial and temporal coverage (Table 2) , but all represent either 283 purposeful or ad hoc surveys of regionally distributed hemlock stands rather than trees within 284 stands and therefore represent a sample of successful between-stand dispersal events. Appendix 285 E describes how these data were fit to a set of candidate distance-pdfs using maximum 286 likelihood. Given their coarse spatial resolution, we did not use the existing USFS county-level 287 spread dataset (http://na.fs.fed.us/fhp/hwa/maps/distribution.shtm) to inform the distance-pdf. 288
These data were, however, used in model evaluation. 289
For both between-cell and long-distance movements, it was assumed a small fraction of 290 N Sit (population size of sistens) and N Pit (population size of progrediens) was subject to dispersal. 291
These proportions of dispersing individuals were drawn from different uniform probability 292 distributions for local diffusion ( it ) and long-distance dispersal ( it ) and were multiplied by N Sit 293
and N Pit to calculate the number of dispersing HWA in each generation. Ideally these proportions 294 could be estimated using maximum likelihood approaches, but the data necessary to fit such a 295 likelihood function currently are not available for HWA. To estimate the proportions of 296 dispersing individuals, we therefore performed a sensitivity analysis that confirmed spread rate 297 was indeed sensitive to these parameters and that reasonable results (spread rate of 298 approximately 10-20 km per year, Evans and Gregoire 2007) were obtained if we assumed one 299 individual in a million diffused to neighboring cells and if one individual in 100 million was 300 subjected to long-distance dispersal as described by the distance-pdf. 301
302

Model evaluation 303
We evaluated predictive performance of the model in two ways. First, to assess spatial 304 accuracy, we used the Area Under the Curve of the Receiver Operating Characteristics curve 305 (AUC; Fielding and Bell 1997) to compare the predicted probability of infestation with the 306 observed spatial pattern of HWA infestations in three locations: the northern extent of the range 307 in New England, near the center of the range in Pennsylvania, and the southern extent of the 308 range in Georgia. Second, to assess temporal accuracy, we compared the predicted timing of first 309 infestation to the observed year of infestation using the 60-year record of spread from the USFS 310 county-level dataset. We used the following procedure to address the scale mismatch between the 311 model (1 km 2 cells) and the observation data (county-level, >10 3 km 2 ). Given the size of 312 counties, each contained numerous cells. Each cell within a county had a predicted year of first 313 infestation for each of the 1000 simulations. For each county, we obtained the predicted years of 314 first infestation across all cells within the county and across all 1000 simulations. Cells that did 315 not become infested were ignored. Thus, if a county had 100 cells, all of which were infested in 316 all 1000 simulations, we obtained a distribution of predicted years of infestation for the county 317 comprised of 1  10 5 data points. To evaluate the extent to which the predicted dates of 318 infestation compared to the observed date, we determined whether the 95% confidence interval 319 of the distribution of predicted years contained the observed year. 320
RESULTS 322
The maximum-likelihood estimation of the distance-pdf determined a log-normal 323 function with a mean dispersal distance of 4.73 [4.5, 5.0] km provided the most plausible fit to 324 the observed HWA spread data (Fig. E1) . Application of the model to spatially and temporally 325 16 heterogeneous hemlock abundance (Fig. 1) and mean winter temperature (Fig. C1) over the 57-326 year simulation period suggested the probability of infestation was greatest from central 327 Pennsylvania to the southernmost extent of the geographic range of hemlock in northern Georgia 328 (red-yellow shading, Fig. 2, see Fig. F1 in the Appendices for an animated version of this figure) . 329
Regions of southern New York and New England, portions of which currently are infested by 330 HWA, were generally predicted to have very low probabilities (< 1%) of invasion (blue shading, 331 Fig. 2) , whereas most of northern New England, Wisconsin and the upper peninsula of Michigan, 332 and southern Canada had zero probability of infestation. In the southern portion of the study 333 region, probabilities of infestation generally increased with time, before gradually declining as 334 hemlock was lost from the region (animated Fig. F1 , Appendices). In contrast, probabilities of 335 infestation did not increase above zero in southern New England until late in the simulation, 336
where invasion risk tended remain low and fluctuate yearly in response to year-to-year changes 337 in winter temperature. Geographic and temporal variation in HWA population size tended to 338 follow the pattern of probability of infestation, with population sizes being greatest south of 339 central Pennsylvania and remaining relatively small in the north (animated Fig. G1, Appendices) . 340
Earliest infestations were concentrated in the central Appalachians, with subsequent 341 spread to the south and followed by later spread to the north (Fig. 3) . In general, HWA was not 342 predicted to arrive in northern Pennsylvania and southern New England until after year 2000. On 343 average, the model predicted an overall increase in infested area beginning around 1970 and 344 continuing to increase throughout the simulation period (Fig. 4) . Simulated spread was most 345 rapid in the southwest and was slowest in the north and northeast (slopes of curves, Fig. 5) . 346
The spatial accuracy of the model measured using AUC varied by geographic region (Fig.  347   6 ). AUC was highest in New England (NE, solid line Fig. 6 ) and Georgia (GA, dashed line Fig.  348 6), where the model had excellent to good discrimination (Pearce and Ferrier 2000) . In contrast, 349 model performance was poor (less than 0.5) in Pennsylvania (PA, dotted line Fig. 6) , where the 350 model over-predicted the observed extent of the invasion in the northwestern portion of the state. 351
Of the 325 counties that were known to be infested by HWA in 2008, the observed year 352 of first infestation fell within the 95% confidence interval of the simulated year for only 37 353 (11.4%) (Fig. 7, hatched counties) . There was no discernable geographic patterning to these 37 354 counties, which tended to be scattered throughout the study area. In contrast, there were strong 355 geographic patterns in model error. In general, the model predicted arrival later than observed 356 (Fig. 7 , purple shading) in the north and earlier than observed (Fig. 7, green shading) in the 357 south. In some instances the difference between the observed and modeled year of first 358 infestation differed by more than 15 years. Most notably, HWA was predicted to arrive much 359 later than observed in counties surrounding New York, NY and the city of Philadelphia, 360
Pennsylvania. In addition, there were 13 known-infested counties that the model did not predict 361 would become infested (Fig. 7, black-shaded In terms of extent of invasion, our simulations generally agree with the observed current 388 extent of HWA's spread (Figs. 2, 6 ) and suggest that there are few remaining opportunities for 389 widespread invasion of HWA. The model suggests that lethal winter temperatures are likely to 390 limit additional northward spread of HWA beyond its current northern limit. Northwestern 391 Pennsylvania and southern New York represent notable exceptions, though invasion risks are 392 rather low or zero across most of New York. Elsewhere, the invasion largely has already reached 393 the extent of its potential range as determined by availability of hemlock. 394
The model predicted anisotropic spread (Fig. 5) 
